Background: Before conducting a microarray experiment, one important issue that needs to be determined is the number of arrays required in order to have adequate power to identify differentially expressed genes. This paper discusses some crucial issues in the problem formulation, parameter specifications, and approaches that are commonly proposed for sample size estimation in microarray experiments. Common methods for sample size estimation are formulated as the minimum sample size necessary to achieve a specified sensitivity (proportion of detected truly differentially expressed genes) on average at a specified false discovery rate (FDR) level and specified expected proportion (π 1 ) of the true differentially expression genes in the array. Unfortunately, the probability of detecting the specified sensitivity in such a formulation can be low. We formulate the sample size problem as the number of arrays needed to achieve a specified sensitivity with 95% probability at the specified significance level. A permutation method using a small pilot dataset to estimate sample size is proposed. This method accounts for correlation and effect size heterogeneity among genes.
Results: A sample size estimate based on the common formulation, to achieve the desired sensitivity on average, can be calculated using a univariate method without taking the correlation among genes into consideration. This formulation of sample size problem is inadequate because the probability of detecting the specified sensitivity can be lower than 50%. On the other hand, the needed sample size calculated by the proposed permutation method will ensure detecting at least the desired sensitivity with 95% probability. The method is shown to perform well for a real example dataset using a small pilot dataset with 4-6 samples per group.
Conclusions:
We recommend that the sample size problem should be formulated to detect a specified proportion of differentially expressed genes with 95% probability. This formulation ensures finding the desired proportion of true positives with high probability. The proposed permutation method takes the correlation structure and effect size heterogeneity into consideration and works well using only a small pilot dataset.
Background DNA microarray technology provides tools for studying the expression profiles of hundreds or thousands of distinct genes simultaneously. A fundamental goal in microarray studies is to identify a subset of genes that are differentially expressed under experimental conditions of interest. Before conducting a microarray experiment, one important issue that needs to be determined is the number of arrays (replicates) required in order to have adequate power to identify differentially expressed genes.
Many sample size estimation methods have been developed for various Type I error specifications, such as family-wise error rate (FWE) [1] [2] [3] , false discovery rate (FDR) [4] [5] [6] [7] [8] , and the number of false positives [7, 9] . The sample size for a microarray study is commonly calculated as the number of arrays needed to achieve the specified power on average (e.g., [3] [4] [5] [6] 9, 10] ). The power, the proportion of truly differentially expressed genes expected to be detected, is known as the sensitivity. With the sample size estimate that is calculated to achieve a specified sensitivity on average, the proportion of truly differentially expressed genes detected would frequently be less than the average. Consequently, the sample size calculated tends to give an over-optimistic outcome. Alternatively, Wang and Chen [2] , Tsai et al. [7] and Shao and Tseng [8] proposed an alternative formulation: the sample size is calculated to ensure detecting at least the specified sensitivity level with a specified probability. This will be referred to as the (confidence) probability formulation.
When the sample size problem is formulated to achieve the specified sensitivity on average, we will show that the needed sample size can be simply calculated using the univariate sample size formula without considering dependency among genes. On the other hand, if the problem is formulated to achieve a specified sensitivity with a specified probability, then it requires estimating a percentile of the distribution of sensitivity. In this case, the dependency among genes needs to be taken into consideration. Tsai et al. [7] presented an approach for controlling the comparisonwise error rate (CWER) under the model of independent or equi-correlated normal distribution with a constant power for all genes. Shao and Tseng [8] proposed a model-free procedure to estimate a general correlation matrix under the normal distribution. They used a dataset of 72 samples to illustrate an estimation of the correlation matrix. However, the size of pilot data is often small, 10 or fewer per group, and the estimated variances of the true positives are often negative (zero) resulting in poor estimate of sample size in our simulation study. Tibshirani [10] proposed a permutation method to estimate the FDR and average sensitivity for assessing a specific sample size. Tibshirani's method requires only a small number of pilot datasets and is completely model-free in the sense that no assumptions on the distribution, effect sizes, and correlations of the test statistics are required. However, the standard deviation estimate (standard error) of a test statistic depends on the sample size. A test statistic from a small sample size will have a larger variation than that from a larger sample size. Since the sample size of a pilot dataset is often small, the cutoff level based on a small pilot dataset often exceeds the true cutoff for needed samples and results in over-estimation of the needed sample size. This paper presents an overview of the power and parameter specifications, and proposes a permutation procedure for sample size determination under the probability formulation ( [2, 7, 8] ). The approach of Tibshirani [10] is improved to attain a more correct permutation distribution by incorporation of an adjustment factor. The proposed method uses a small pilot dataset of 4 to 6 samples per group; the method requires fewer samples than the Tibshirani [10] method when the sample size for the pilot dataset is small relative to the needed sample size. When the sample size for the pilot dataset is large, the proposed method and the Tibshirani [10] method are equivalent.
Methods
Let m denote the number of genes studied in an array of which m 0 and m 1 are the numbers of non-differentially and differentially expressed genes, respectively. Given the significance level a (per comparison-wise error rate), the results of m tests can be summarized as a 2 × 2 table (Table 1) .
V/m 0 is the proportion of genes not differentially expressed that are declared significant, its expectation is the per comparison-wise error rate E(V)/m 0 = a. V/R is the proportion of declared significant genes among the total number of significances declared that are, in fact, not differentially expressed. Its expectation is the false discovery rate E(V/R) = q, given R > 0. U/m 1 is the proportion of truly differentially expressed genes that are correctly declared. In a diagnosis problem, this proportion is often referred as the true positive rate, or the sensitivity. By taking expectation, we have the "average sensitivity", E(U)/m 1 , denoted by l.
Sample Size Estimation
In sample size estimation, m, m 1 , and the (standardized) effect size δ = (δ 1 ,..., δ m1 ) for the differentially expressed genes are pre-specified by the investigator. Estimation of sample size needed to achieve the specified sensitivity l 0 , on average, is straightforward. Since m 1 and l 0 are pre-specified, given a FDR level q* the corresponding significance level for per comparison-wise error rate a can easily be calculated. Setting a = [m 1 l 0 q*]/[m 0 (1q*)], the FDR will be controlled at q* for sufficiently large m 1 and m 0 .
If δ i = δ 0 is constant for all i, then the comparisonwise power (1 -b) of the univariate test is the same and exactly equal to l 0 . Given a, δ 0 , and (1 -b) = l 0 , the sample size can be based on the univariate sample size calculation and is given as
where t a and t b are the percentiles of a t-distribution. 
V is the number of true null hypotheses that are falsely rejected; U is the number of true alternative hypotheses that are correctly rejected; S is the number of true null hypotheses that are correctly not rejected;
T is the number of alternative hypotheses that incorrectly not rejected; R is the total number of null hypotheses rejected among the m tests.
from Equation (1) . The sample size n* can be calculated from the following equation
The needed sample size is n = ⌈n*⌉, where ⌈n*⌉ is the smallest integer greater than or equal to n*. Given the sample size n as calculated, the outcome of a univariate test on a truly differentially expressed gene can be modeled by a Bernoulli random variable with the success probability at least (1 -b i ) since n ≥ n*. The expected number of true detections is at least m 1 l 0 , regardless of the correlation structure among genes and hence the desired sensitivity can be achieved on average. Most sample size estimation methods are either based on this approach or extensions [3] [4] [5] [6] [9] [10] [11] . However, the sample size calculated under this formulation is inadequate; a simple demonstration under an independent model is shown below.
Given m, π 1 (= m 1 /m), a constant effect size δ i = δ 0 , q*, l 0 , and the calculated sample size n (based on Equation 1), under the independent model, the total number of truly differentially expressed genes detected U is a binomial random variable with success probability (1 -b) (≥ l 0 since n ≥ n*). The probability j l0 of identifying at least l 0 fraction of m 1 differentially expressed genes can be calculated as the sum of the binomial probabilities [2, 7] :
The method of using Equation (1) to estimate sample size is referred to as the univariate method. Column 3-5 of Table 2 show the estimated sample size n, the average sensitivity l and the probability j l0 at l 0 = 0.6, 0.7, 0.8, 0.9. The parameters used in the calculation are: m = 2,000, π 1 = 5%, 10%, 20%, δ 0 = 2 and q* = 0.05. It can be seen that the probability j l0 can be less than 60%. That is, using this formulation to calculate needed arrays may result in that an experiment will have the sensitivity less than the specified l 0 level with more than 40% probability.
Alternatively, Wang and Chen [2] formulated the problem as: the number of arrays needed to achieve the specified sensitivity l 0 with a probability j l0 . In this formulation both l 0 and j l0 need to be specified and not necessarily equal. The j l0 is set at 95% since it is consistent with the common statistical practice of using the 95% confidence probability. Under this formulation, for specified l 0 the needed number of arrays is calculated so that the average sensitivity is greater than l 0 and the 5 th percentile, l 5 , of the distribution of the sensitivity U/m 1 is greater than l 0 :
In the independent and constant effect size model, Tsai et al. [7] used Equations (1) and (3) to estimate the needed sample size which is referred to as the Binomial method. Columns 6-8 of Table 2 show the estimated sample size n, the average sensitivity l, and the probability j l0 for l 0 = 0.6, 0.7, 0.8, 0.9. The probabilities in Column 8 are all higher than 95% due to n ≥ n*. The procedure will ensure detecting the specified proportion of differentially expressed genes with at least 95% probability.
In Table 2 , the theoretical results indicate that the two methods give quite close sample size estimates. The difference of the estimates reflects the difference of the two formulations; when δ 0 = 2, the difference is up to 1. For a given sensitivity, the needed sample size increases as the effect size δ 0 decreasing, and the difference of the two formulations in the estimates is larger. We calculated the sample sizes using the same parameters as Table 2 for δ 0 = 1. The sample size differences increase at about four times those of Table 2 (data not shown).
Permutation Method for Sample Size Estimation
Tibshirani [10] proposed a permutation method to account for both dependency and unequal effect sizes among genes using a pilot dataset for assessing sample size. This method is applied here to estimate the required sample size. Because the sample size of the a. Estimated sample size n, average sensitivity l and probability j l0 for the specified sensitivity l 0 = 60%, 70%, 80%, 90%, under the independent model. The parameters used in the calculation were: m = 2,000, π 1 = 5%, 10%, 20%, δ 0 = 2 and q* = 0.05. b. Sample size n is computed by the univariate method from Equation (1) to achieve sensitivity l 0 on average. c. Sample size n is calculated using Tsai et al. [7] method to ensure the probability j l0 of detecting at least l 0 fraction of differentially expressed genes is at least 95%.
pilot data is typically smaller than the needed sample size, the null distributions generated from the pilot data have more variations; simply using the null distributions generated from a small pilot dataset can overestimate the needed sample size. A procedure modified from the Tibshirani [10] method with adequate adjustment for sample size estimation is proposed below. For simplicity, assume an equal sample size in each group, denoted as n = n 0 = n 1 . Start with some pilot data with at least 4 samples per group, denoted as n 0p and n 1p for the control and treatment group, respectively. For specified m, m 1 , δ = (δ 1 , ..., δ m1 ), q*, and l 0 , the algorithm for a two sample t-test is described as follows.
Algorithm: Sample Size Estimation (See additional file 1 for a software application)
, use the method of Tsai et al. [7] (Column 6 of Table 2 ) to find the needed sample size as the initial sample size n. to a set of randomly selected m 1 tstatistic of differentially expressed genes to generate the permutation t-statistics s b = {s 0b, s 1b }, where s 0b is the set for the non-differentially expressed genes, and s 1b is the set for the differential expressed genes such that s 0b = ft 0b and s 1b = ft 1b +
, where t 0b and t 1b are the vectors of the t-statistic, δ is a vector of the effect size and   1b is the vector of the sample standard deviation. 11. Compare u* to m 1 l 0 . If u* ≥ m 1 l 0 , stop and report n as the sample size estimate; otherwise, increase n by 1 and go to 2. In the proposed algorithm, the permutation t-statistics of non-differentially expressed genes from all possible permutations were pooled to estimate the null distribution of the test statistics (Step 8). The number of true positives (U) was estimated for each permutation sample (Step 9) since the set of differentially expressed genes in each permutation sample were known. The distribution of the number of true positives U and its 5 th percentile u* were estimated (Step 10). To reduce the excess variation of the permutation distribution, the proposed method includes the adjustment factor: f = f 1 f 2 . The adjustment factor consists of two scale factors: f 1 and f 2 . The first factor, f 1 , accounts for differential sample sizes between the pilot study and the planned study and the second scale factor, f 2 , uses the maximum likelihood estimate of the t-statistic [12] . When the sample size of pilot data is large, both factors f 1 and f 2 converge to 1 and the proposed and the Tibshirani [10] methods are equivalent. (Note that Tibshirani's method was proposed based on the average formulation.) Since the permutation technique is used to estimate the critical value and the distribution of the sensitivity, no assumptions on the distribution of the t-statistic and the dependency among the statistics are made. Furthermore, the proposed method does not need to estimate the covariance matrix among all genes which can result in computation difficulty when the sample size of the pilot dataset is small.
Results
Two simulation analyses were conducted to evaluate the two formulations of sample size estimation described above. The first analysis evaluated the two formulations under the independent and constant effect size model. The theoretical results for the two formulations are shown in Table 2 . The simulation analysis provides an empirical validation. The second analysis evaluated the four methods under a correlated model: 1) the univariate method (e.g., Jung [4] ); 2) the Shao and Tseng [8] model-free method, 3) the Tibshirani [10] permutation method; and 4) the proposed permutation method. The univariate method is designed for the average formulation, while the three other methods are considered with 95% probability with a use of a pilot dataset. The same model parameters in Table 2 were used in the evaluation. The Type I error rate was based on setting the FDR at q* = 0.05. Note that there are many multiple testing FDR procedures with different strategies. For example, the Storey's FDR procedure [13] involved an estimation of the number of non-differentially expressed genes m 0 . However, to minimize the confounding effect brought by the variation in estimating m 0 , we simply used the true m 0 in our simulation analysis. Sample sizes were calculated for the given parameter values. The empirical estimates of the FDR, average sensitivity l and the probability j l0 were then calculated and evaluated. Using the true m 0 provides a direct validation of the proposed procedure with control of the FDR.
The purpose of the first simulation study was to validate the theoretical results of the sample size, sensitivity, and 95% probability for the two methods shown in Table 2 under the independent model. We generated 1,000 simulation samples with sample sizes per group from the Column 3 or Column 6 of Table 2 . For the null model, m 0 = m × (1 -π 1 ) genes were generated from the independent standard normal N(0,1); for the alternative model, m 1 = m × π 1 genes were generated based on independent normal N(δ 0 , 1). For each simulation sample set, the t-statistics and the correspondent p-values were computed, and the numbers of false positives and true positives at the FDR level q* = 0.05 were recorded. The empirical estimates of the FDR, average sensitivity l and probability j l0 were then calculated. The estimate of j l0 was the proportion of times out of the 1,000 simulations that the number of true positives was not less than m 1 × l 0 . Table 3 shows the empirical results for the two methods. The empirical FDR appears close to the nominal levels in both approaches. For the univariate method, the empirical average sensitivity l's are all at or above the desired levels, except for π 1 = 0.05 and l 0 = 70%. The probability j l0 is less than 50%, for π 1 = 0.05 and l 0 = 70%. For the binomial method, the empirical average sensitivities l's are all greater than the specified levels. Most of probabilities j l0 's exceed 95% except for π 1 = 0.05, l 0 = 60%, π 1 = 0.10, l 0 = 90% and π 1 = 0.20, l 0 = 70%. The empirical results of Table 3 are generally consistent with the theoretical values shown in Table 2 . That is, the sample size calculated using the univariate method generally will achieve the specified sensitivity on average; however, the probability to achieve the specified sensitivity can be lower than 50%.
For comparison purposes, the mean and standard deviation of the sample size estimates from the proposed permutation method using a pilot dataset of group size 4 are also provided in the last column of Table 3 . The pilot data were randomly generated from the normal distribution in each simulation. The proposed method tends to over-estimate the needed sample size by up to five arrays.
The second analysis was to evaluate the four methods, the univariate method (Jung [4] ), Shao and Tseng [8] , Tibshirani [10] , and proposed permutation methods, under a correlated model using the well known colon cancer dataset [14] . The colon cancer dataset [14] consists of 22 normal and 40 colon tumor tissue samples with 2,000 genes. The analysis consisted of two steps. The first step evaluated the sample size estimates obtained by the three 95% probability a. Empirical estimates of FDR q, average sensitivity l, and probability j l0 of the univariate method for the average formulation and of the binomial method for the 95% probability formulation. The parameters used in the calculation were: m = 2,000, δ 0 = 2, and q* = 0.05. b. Sample size n is computed by the univariate method from Equation (1) to achieve sensitivity l 0 on average. c. Sample size n is calculated using Tsai et al. [7] method to ensure sensitivity l 0 with 95% probability. d. Sample size n (standard deviation) is calculated using the proposed permutation method to ensure sensitivity l 0 with 95% probability with pilot study of group size 4 under the independent model. formulation methods based on a pilot dataset of sample size 4 and 6 per group. The second step compared the sample sizes estimated by the proposed method from the first step with the estimates from the univariate method.
In the first step, 4 samples from the colon dataset were randomly selected without replacement from each group to form a pilot dataset. The algorithm described above was used to estimate the sample size for the proposed method and the Tibshirani [10] method. For example, for π 1 = 5%, q* = 0.05 and l 0 = 90%, the initial sample size was n = 13 (Column 6 of Table 2 ) and a = 0.00249. A constant effect size δ i = δ 0 = 2 was considered. For the proposed permutation method, the initial adjustment factors for f were f 1 = 0.6777 and f 2 = 8 6 / = 1.155, while no adjustment was taken for the Tibshirani [10] method. For the Shao and Tseng [8] model-free method, a correlation matrix of t-statistics was estimated by using all possible permutation datasets from the pilot dataset. However, the Shao and Tseng [8] model-free method was found to have computational difficulty in most cases. Details are given later. The procedure was repeated 1,000 times to select different pilot datasets of size 4 from each group to account for the variation of pilot dataset. The means and standard deviations of the sample size estimates from the Tibshirani [10] and proposed methods were calculated and are shown in Columns 4 and 5 of Table 4 . The univariate method is considered as the standard method, and the estimates are listed in Column 3. The needed sample size estimated from either the Tibshirani [10] or the proposed method is greater than that from the univariate method in each case. The difference between the univariate method and the proposed method is less than 5 arrays per group in each case. The mean and standard deviation estimates from the Tibshirani [10] method are much larger than the estimates from the proposed method. The difference increases as l 0 increases or π 1 decreases. Note that, under the independent model, the sample size and standard deviation estimates from the proposed method are smaller ( Table 3) .
The procedure was repeated with 6 samples for the initial pilot dataset. The estimates are shown in Columns 6 and 7. The proposed procedure gives consistent results from the two pilot sample sizes; however, the results from the Tibshirani [10] method differ substantially. The Tibshirani approach does not adequately take the pilot sample size into consideration. When the pilot sample size is much smaller than the needed sample size, the overestimation of the sample size by Tibshirani [10] method becomes severe. As the pilot study size getting closer to the needed sample size, the Tibshirani [10] and the proposed methods will give similar results.
In our simulations, the Algorithm B in Shao and Tseng [8] couldn't successfully produce solutions for the pilot data of group size 4 in all 1,000 replications. When the group size increases to 6, the algorithm works only a. The sample size estimates are based on 1,000 repetitions using the colon tumor data [14] with 4 and 6 samples from each group as pilot dataset. The parameters used in the calculation were: m = 2,000, δ 0 = 2 and q* = 0.05. b. The univariate method. c. The proposed permutation method d. The Tibshirani [10] permutation method. e. The Shao and Tseng [8] model-free method using the entire 62 samples.
when π 1 = 20%, l 0 = 60% and 70%; the mean (standard deviation) of the sample size estimates are 6.4(0.012) and 6.8(0.012), respectively. The estimated values appear too small to be correct. This method does not appear to be applicable for small pilot sample sizes. Using the entire colon cancer dataset [14] of 62 samples, the sample size estimates are shown in Column 8. The estimates generally need one or two more arrays than the univariate methods, but fewer than the proposed method. Since the Tibshirani [10] method gave larger estimates and the Shao and Tseng [8] gave smaller estimates than the proposed method. In the second step of analysis, the univariate method and the proposed method were evaluated.
Comparison of the performance of the two methods is similar to that shown in Table 3 . The data were sampled without replacement from the colon cancer dataset, instead of from the normal random variables under the independent model. The sample sizes were based on Column 3 or Column 4 of Table 4 . The data were then randomly permuted to remove the difference between two groups, and a common effect size δ 0 = 2 was added to a set of randomly selected m 1 genes in the tumor group. For each re-sampled data set, the permutation test was used to generate a p-value and the numbers of false positives and true positives were computed using q* = 0.05. The number of repetitions to compute the permutation test was 10,000. The empirical estimates of FDR, l and j l0 were computed. The entire procedure was repeated 1,000 times. Table 5 shows the empirical estimates of q*, l, and j l0 for the two methods. Both methods are shown to control the FDR well and achieve the desired sensitivity. Thus the two methods can be expected to have satisfactory performance in practice. However, for the univariate method, the empirical j l0 estimates are between 55% and 75%, except one at 80%. One would have to take a risk that the sensitivity can fall below the specified level.
The effect size of δ 0 = 2 ( Table 4 ) was used to validate the proposed permutation method under a correlated model using the colon cancer dataset [14] . In practice, the effect sizes can be much smaller. We calculated the sample sizes using the same parameters as Table 4 with an effect size δ 0 = 1 for two pilot sample sizes 4 and 6. The sample size estimates are shown in Table 6 . The proposed procedure gives similar results for the two pilot sample sizes, which are consistent with the results for δ 0 = 2 in Table 4 . The difference between the univariate method and the proposed method is about 15 arrays per group. The Tibshirani [10] method would require up to 67 and 35 extra arrays per group for 4 and 6 pilot samples, respectively. The estimates for the Shao and Tseng [8] method could be estimated only when the pilot study size is around or larger then the needed sample size.
Discussion and Conclusions
Determination of the needed sample size before conducting a microarray experiment is an important issue. The sample size problem is commonly formulated as the number of arrays needed to achieve the specified sensitivity l on average. This paper demonstrates that the calculated sample size under this formulation may have the sensitivity l at the specified level on average, but, the probability j l that the specified sensitivity is achieved can be low (less than 50%) due to the variance in sensitivity distributions. Furthermore, under this formulation this paper shows that the sample size can be calculated by a univariate method, regardless of the correlation structure among the gene expression levels; the procedures to account for correlations, such as Li et al. [6] , are not needed ( Table 5 ). These findings agree with the results reported by Jung [4] and Dobbin and Simon [11] . However, this paper provides a theoretical interpretation for this approach.
Under the confidence probability formulation, consideration of the dependency among gene expressions is necessary in estimating the sample size since the percentile of the sensitivity distributions not only depends on the effect size of individual genes but also on their correlations. We propose a permutation method based on the method proposed by Tibshirani [10] , but with an inclusion of an adjustment factor and a requirement to achieve a specific sensitivity with 95% probability. The adjustment factor provides more accurate estimates of the power and sample size. Shao and Tseng [8] also Table 5 Empirical estimates of FDR, average sensitivity l, and probability j l0 from the univariate method and the proposed method based on the results of Table 4 .
formulated the needed sample size in terms of confidence probability. Under the normality assumption, Shao and Tseng [8] proposed algorithms for mild correlations among genes using a preliminary dataset. They showed that their approach worked well for an example dataset of 72 samples. However, using their Algorithm B in our simulation for the colon dataset (the average correlation for the colon dataset is about 0.4), the estimated variance of the true positives can be negative when the preliminary sample size is 4 or 6. Their procedure does not perform well for a small pilot dataset with small sample size. In practice, sample sizes of pilot data are often small. Our simulation studies show that our procedure can work well with 4 to 6 samples per group. However, our procedure seems to over-estimate the needed sample size when the correlations are very small, especially with small effect sizes. In this situation, our simulation results indicate that the factor f 2 may not be necessary (data not shown).
The choice of a particular multiple testing procedure used for data analysis can affect the error rate and power in the sample size estimation. Using a conservative procedure in the data analysis may decrease the "power" of the study; sometimes, the calculated sample size may have sensitivity below the specified level. For example, in this paper the calculation is based on the true number of non-differentially genes m 0 . However, if the data analysis uses an overestimated m 0 such as the Benjamini and Hochberg procedure [15] , then the power may be below the desired level. An alternative is to use the total number of genes m instead of the number of non-differentially genes m 0 to estimate the sample size. This procedure is expected to generate an appropriate sample size to achieve the desired sensitivity with a specified probability, regardless of which multiple testing procedure is used for data analysis.
Additional file 1: The software for the algorithm of the proposed method. It provides software and an example for the algorithm of the proposed method. Click here for file [ http://www.biomedcentral.com/content/supplementary/1471-2105-11-48-S1.TXT ] a. The sample size estimates are based on 1,000 repetitions using the colon tumor data [14] with 4 and 6 samples from each group as pilot dataset. The parameters used in the calculation were: m = 2,000, δ 0 = 1 and q* = 0.05. b. The univariate method. c. The proposed permutation method d. The Tibshirani [10] permutation method. e. The Shao and Tseng [8] model-free method using the entire 62 samples.
